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Objectives: The analysis of intracoronary optical coherence tomography (OCT) images is based on manual
identiﬁcation of the lumen contours and relevant structures. However, manual image segmentation is a
cumbersome and time-consuming process, subject to signiﬁcant intra- and inter-observer variability. This
study aims to present and validate a fully-automated method for segmentation of intracoronary OCT images.
Methods:We studied 20 coronary arteries (mean length= 39.7± 10.0 mm) from 20 patients who underwent a
clinically-indicated cardiac catheterization. The OCT images (n = 1812) were segmented manually, as well as
with a fully-automated approach. A semi-automated variation of the fully-automated algorithmwas also applied.
Using certain lumen size and lumen shape characteristics, the fully- and semi-automated segmentation
algorithms were validated over manual segmentation, which was considered as the gold standard.
Results: Linear regression and Bland–Altman analysis demonstrated that both the fully-automated and semi-
automated segmentation had a very high agreement with the manual segmentation, with the semi-automated
approach being slightly more accurate than the fully-automated method. The fully-automated and semi-
automated OCT segmentation reduced the analysis time by more than 97% and 86%, respectively, compared to
manual segmentation.
Conclusions: In the current work we validated a fully-automated OCT segmentation algorithm, as well as a semi-
automated variation of it in an extensive “real-life” dataset of OCT images. The study showed that our algorithm
can perform rapid and reliable segmentation of OCT images.© 2014 Elsevier Ireland Ltd. All rights reserved.1. Introduction
Intracoronary optical coherence tomography (OCT) is an evolving
imaging technique that allows visualization of the coronary arterial
lumen in real-timewith a precision superior to intravascular ultrasound
(IVUS) [1,2]. Many studies have shown the utility of OCT in assessing
plaque features, such as the ﬁbrous cap thickness, lipid core size, even
presence of macrophages [1,3,4]. OCT imaging of the coronary arteries
can be applied for the identiﬁcation of vulnerable plaque morphology,and Atherosclerosis Laboratory,
al, Aristotle University Medical
i, Greece. Tel./fax: +30 2310
td. All rights reserved.assessment of plaque progression, quantiﬁcation of in-stent neointimal
hyperplasia, longitudinal follow-up of stent endothelialization and
investigation of stent strut malapposition [5–8]. Further, OCT images
can be fused with coronary angiography for three-dimensional (3D)
reconstruction of the coronary arteries, enabling the assessment of 3D
arterial morphology and local hemodynamic microenvironment [9].
Typically, the analysis of OCT images is based on manual identiﬁca-
tion of the lumen borders. However, manual segmentation is a cumber-
some and time-consuming process, subject to signiﬁcant intra- and
inter-observer variability. As a result, detailedOCT image analysis is cur-
rently impractical for routine clinical use and for analysis of large-scale
data sets from clinical trials. Automated OCT segmentation could play a
key role in accelerating and standardizing OCT image analysis for clini-
cal and research purposes. In real-life settings, automated segmentation
of intracoronaryOCT imageswould be challenging, as the images have a
wide variety of artifacts, e.g. cardiac motion artifacts, stent struts, side
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be identiﬁed and appropriately handled.
The aim of the present study was to present and validate a fully-
automated method for segmentation of intracoronary OCT images. The
proposed segmentation algorithmswere based on the processing of dis-
crete morphological features of the OCT images. The validation of our
segmentation methodology was performed in a large dataset of “real-
world” OCT images using manual segmentation as reference.Fig. 1. Study design.2. Methods
2.1. Study population and OCT image acquisition
We studied 20 coronary arteries [LAD (left anterior descending artery), n = 14, LCX
(left circumﬂex artery), n = 1, RCA (right coronary artery), n = 5; mean length = 39.7
± 10.0 mm] from 20 patients who underwent a clinically indicated cardiac catheteriza-
tion. Six of those arteries had a stent. The characteristics of the study population are
outlined in Table 1. The Institutional Ethics Committee approved the study. All study
subjects provided written informed consent for their participation in the study.
The OCT acquisition was performed with a Frequency Domain OCT imaging system
(FD-OCT C7-XRT OCT Intravascular Imaging System, Westford, MA, USA). The pullback
speed was 20 mm/s, the axial resolution was 15 μmand the frame rate was 100 frames/s.
Temporary blood clearance was achieved with contrast injection. The analysis scheme of
theOCTDICOM images is shown in Fig. 1. In total, 3966OCT imageswere acquired. For the
purposes of the current analysis we selected one every two images in 15 patients and one
every three images in 5 patients to account for gating issues resulting in 1812 images. Of
those, 130 (7%) images were excluded. By consensus between two OCT experts those im-
ageswere non-interpretable due to incomplete visualization of N180° of lumen circumfer-
ence as a result of the presence of blood or thrombus. Representative examples of the
excluded images are provided in Supplemental Fig. 1. The remaining 1682 OCT images
(including 308 frames from stented segments) were segmented manually, as well as
with a fully-automated approach. A semi-automated variation of the fully-automated al-
gorithm was also applied. To further assess the performance of our algorithm in stented
areas we compared the fully-automated segmentation and semi-automated segmenta-
tion of the frames (n = 308) derived from stented segments with the manual reference.Table 1
Characteristics of the study population (n = 20).
Men 14 (70%)
Age, years 63.3 ± 8.6
Risk factors
Smoking 10 (50%)
Hypertension 16 (80%)
Hyperlipidemia 15 (75%)
Diabetes mellitus 6 (30%)
Family history 10 (50%)
History
Prior myocardial infarction 3 (15%)
Prior stenting 8 (40%)
Chronic kidney disease 0 (0%)
Stroke 0 (0%)
Indications for catheterization
Stable angina 4 (20%)
Unstable angina 8 (40%)
Non-STEMI 3 (15%)
STEMI 5 (25%)
Medications
Beta blockers 12 (60%)
Statins 13 (65%)
ACE inhibitors 4 (20%)
Angiotensin receptor blockers 12 (60%)
Aspirin 15 (75%)
Calcium channel blockers 4 (20%)
Lipids
Total cholesterol, mg/dl 193 ± 40
LDL-C, mg/dl 112 ± 40
HDL-C, mg/dl 42 ± 11
Triglycerides, mg/dl 144 ± 54
Continuous variable are expressed as mean ± SEM and categorical variables as absolute
numbers (%).2.2. Manual segmentation
One independent OCT expert performed manual segmentation of the OCT images
using an in-house application. The inter-observer agreement of manual segmentation
was tested in a subset of 100 OCT images randomly selected from the entire dataset.
These images were manually segmented by two independent OCT experts.
2.3. Fully-automated segmentation
The fully-automated OCT segmentation algorithm was developed in Matlab (The
MathWorks, Natick, MA, USA) and is schematically presented in Fig. 2. By applying an
iterative algorithm we used a threshold for transforming each image in binary form in
order to distinguish the bright areas of interest. Morphological functions were applied to
retain only those areas that were part of the wall. The lumen-wall contour in the radial
scanwas located at the point where the scanwas identifying a bright shape (i.e. transition
fromblack towhite starting from theOCT catheter outwardly). In case ofmultiple transitions
the correct transition corresponding to the actual lumen-wall border was determinedwith a
heuristic approach. The steps utilized for the fully-automated segmentation of OCT images
are presented below (Fig. 2):
i) Preprocessing: This involved several substeps applied to the OCT images, including
gray-scale transformation, median ﬁltering, smoothing, removal of calibration
markers, transformation into polar coordinates, as well as removal of the OCT
catheter.
ii) Main processing and extraction of the candidate contour points: Each OCT image was
ﬁrst transformed into a binary format by applying a local ﬁltering scheme. Then,
morphological ﬁlters were applied, such as an opening ﬁlter (erosion followed by
dilation), which was used to eliminate all pixels in regions that were too small to
contain the structuring element and a closing ﬁlter (dilation followed by erosion),
which was used to ﬁll-in holes and small gaps. These ﬁlters resulted in the extraction
of the candidate contour points. Next, further heuristic rules and control mechanisms
were introduced accounting for speciﬁc image characteristics that could affect the
segmentation outcome.
iii) Segmentation of imageswith branches: Side branches, as well as other image artifacts
were identiﬁedwith statistical control of the contour gradient, taking into account the
expected continuity of the contour. Outliers with respect to contour continuity were
thus detected and appropriate corrections were done. Utilizing a heuristic method
the lumen borders were found in images with large branches.
iv) Final outcome: Contour smoothingwas performed in images inwhich the automated
segmentation was suboptimal by applying a series of low-pass Haar ﬁlters [10].
2.4. Semi-automated segmentation
With the semi-automated approach all the imageswere initially segmented automat-
ically with our algorithm as described above. After a review of the fully-automated
segmentation by two independent OCT experts we performed manual adjustments in a
subset of 241 images (14%) due to suboptimal segmentation (Fig. 1). The major reason
for suboptimal fully-automated segmentation was image artifacts, such as stent struts,
presence of small amount of blood or thrombus in the lumen, and side-branches take-
off. Representative suboptimal segmentations are provided in Supplemental Fig. 2.
2.5. Quantitative validation of fully-automated and semi-automated OCT segmentation
The validation of the fully- and semi-automated segmentation algorithm was
performed against manual segmentation, using certain vessel morphometric characteris-
tics (Fig. 3):
i) Area (mm2) of the identiﬁed lumen contour
ii) Minimum and maximum radius (mm), representing the minimum and maximum
length of the straight lines connecting the centroid of the detected contour with the
lumen contour
Fig. 2. Steps used in fully-automated segmentation of OCT images: A. Representation of polar coordinates of an OCT image, B. Image processingwith application ofmorphological ﬁltering
and noise reduction, C. Candidate regions for contour correction; the corrections are depicted in green color, D. Final contour after Haar ﬁltering.
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length of the diameters that pass through the centroid of the detected contour
iv) Perimeter (mm) of the lumen contour
v) Centroid (mm) deﬁned as the x- and y-axis distance of the center of mass of the
detected contour from the top left corner of the OCT image
The areas, radii and diameters were used as metrics of lumen size, whereas the
perimeters and centroids were used as metrics of lumen shape.
2.6. Statistical analyses
Statistical analysis was performed with the statistical package GraphPad Prism 6.0
(GraphPad Inc., San Diego, CA, USA) and IBM SPSS Statistics 21.0 (IBM Corp., New York,
NY, USA). All results were expressed as mean ± standard error of mean. The quartiles of
the variables were also calculated. The comparison of means among manual, automated
and semi-automated segmentation was done with one-way ANOVA using Scheffe test toFig. 3. Deﬁnition of the morphometric parameters utilized for the comparison of fully-
automated and semi-automated segmentation.correct for multiple comparisons. For the assessment of inter-observer agreement of
manual segmentation linear regression analysis, Bland-Altman analysis and relative
error calculation were performed. The relative error was calculated as the difference be-
tween two measurements over the reference measurement multiplied by 100%. For the
method comparison study between fully-automated or semi-automated vs. manual seg-
mentation linear regression analysis and Bland–Altman analysis were performed [11]. In
Bland–Altman plots the absolute differences between corresponding measurements (y-
axis) were plotted against the mean (x-axis). The mean differences (bias), as well as the
limits of agreement (mean ± 1.96SD), were calculated. The automated method was con-
sidered to agree with themanual measurements when themean difference and the limits
of agreement between the automated and manual analysis were comparable to the ones
obtained from the inter-observer agreement of manual analyses. P≤ 0.05 was considered
as the level of signiﬁcance.
3. Results
3.1. Inter-observer agreement of manual segmentation
The lumen area measurements of the two independent experts
demonstrated a highly signiﬁcant correlation (r N 0.96 for all the
parameters) with high agreement (mean differences 0.0 mm or mm2
with narrow limits of agreement ranging from −0.9 to +0.8 mm or
mm2 for all the parameters, Table 2). The relative error for manual seg-
mentations was low (limits from +0.1 to +0.5%). The increased inter-
observer agreement of manual segmentations justiﬁed the use of man-
ual approach as gold standard for the validation of the automated
algorithm.
3.2. Validation of fully-automated OCT segmentation
The fully-automated contour detectionwas validated versusmanual
segmentation in a large dataset of 1682OCT images. Table 3 displays the
quantitative data of the manual, fully-automated and semi-automated
segmentation for all themorphometric variables. Fig. 4 shows the linear
regression plots, the Bland–Altman analysis and the frame-by-frame
analysis. The linear regression showed a signiﬁcant association between
manual and fully-automated segmentation,with slopes very close to 1.0
and intercepts close to 0.0 (Fig. 4A). The correlation coefﬁcient
was N0.89 for all the parameters with the exception ofmaximum radius
Table 2
Inter-observer agreement of manual segmentation (n = 100 images).
r Linear regression equation Bias Limits of agreement Relative error p
Area (mm2) 0.99 y = 0.97 × +0.15 0.0 −0.9, +0.8 0.2% b0.001
Max radius (mm) 0.98 y = 1.00 ×−0.01 0.0 −0.2, +0.1 0.5% b0.001
Min radius (mm) 0.96 y = 0.93 × +0.07 0.0 −0.2, +0.2 0.3% b0.001
Max diameter (mm) 0.99 y = 0.98 × +0.06 0.0 −0.2, +0.2 0.1% b0.001
Min diameter (mm) 0.98 y = 0.95 × +0.11 0.0 −0.3, +0.3 0.0% b0.001
Perimeter (mm) 0.99 y = 0.98 × +0.18 0.0 −0.5, +0.6 0.2% b0.001
Centroid x (mm) 0.99 y = 0.99 × +0.04 0.0 −0.1, +0.1 0.2% b0.001
Centroid y (mm) 0.99 Y = 0.99 × +0.02 0.0 −0.1, +0.1 0.2% b0.001
r is the Pearson's correlation coefﬁcient; Bias (mean difference) and limits of agreement refer to the Bland–Altman analysis; Relative error was calculated as [(manual 1− manual 2) /
manual 1] × 100%; p refers to the Pearson's correlation coefﬁcient and the linear regression analysis.
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regression, a high agreement between fully-automated and manual
segmentation was found in the Bland–Altman plots showing mean
differences close to zero (from−0.8 to 0.0 mm or mm2 for all parame-
ters) and narrow limits of agreement (Fig. 4B). To further assess the
agreement between fully-automated and manual segmentation, we
plotted on the same plot each single OCT frame segmented with both
methods (Fig. 4C). This head-to-head comparison showed a good agree-
ment between the two methods. The relative error of fully-automated
vs. manual segmentation for all the parameters ranged from−5.6 to
+0.2% and it was higher than the inter-observer relative error of
manual segmentations. Regions where the fully-automated algorithm
resulted in suboptimal segmentation mostly included side-branches
take off and presence of stent struts (Supplemental Fig. 2), justifying
the application of the semi-automated approach.Table 3
Basic descriptive statistics of manual segmentation, fully-automated and semi-automated segm
mentation (n= 1,682 images). A lesser degree of agreementwasnotedbetween fully-automate
ual and semi-automated segmentation for all the parameters except for the perimeter.
Parameter Min 25% Median 75% Max Mean SD Low
of m
Area
(mm)
Manually
Fully-automated
Semi-automated
0.5 3.9 5.3 7.8 14.8 5.9 3.0 5.8
0.5 4.1 5.5 8.1 15.0 6.1 3.0 5.9
0.5 4.0 5.4 7.9 15.0 6.0 2.9 5.8
Maximum radius
(mm)
Manually
Fully-automated
Semi-automated
0.5 1.3 1.5 1.8 2.7 1.5 0.4 1.5
0.5 1.3 1.6 1.9 11.8 1.6 0.6 1.6
0.5 1.3 1.5 1.8 3.4 1.5 0.4 1.5
Minimum radius
(mm)
Manually
Fully-automated
Semi-automated
0.3 0.9 1.1 1.4 2.0 1.1 0.3 1.1
0.0 0.9 1.1 1.4 2.0 1.1 0.4 1.1
0.2 0.9 1.1 1.4 2.0 1.1 0.3 1.1
Maximum
diameter (mm)
Manually
Fully-automated
Semi-automated
1.0 2.4 2.8 3.4 5.0 2.9 0.8 2.8
1.0 2.5 3.0 3.6 5.9 3.0 0.8 3.0
1.0 2.5 2.9 3.4 5.2 2.9 0.8 2.9
Minimum
diameter (mm)
Manually
Fully-automated
Semi-automated
0.7 2.0 2.4 2.9 4.1 2.4 0.7 2.4
0.6 2.0 2.4 2.9 4.2 2.4 0.7 2.4
0.6 2.0 2.4 2.9 4.2 2.4 0.7 2.4
Perimeter (mm) Manually
Fully-automated
Semi-automated
2.8 7.2 8.3 10.0 13.7 8.5 2.2 8.4
3.0 7.7 9.1 11.1 19.9 9.3 2.6 9.2
3.0 7.6 8.8 10.5 14.8 8.9 2.3 8.8
Centroid x (mm) Manually
Fully-automated
Semi-automated
2.7 4.2 4.6 4.9 6.1 4.5 0.6 4.5
2.6 4.2 4.6 5.0 6.2 4.6 0.6 4.5
2.6 4.2 4.6 5.0 6.2 4.6 0.6 4.5
Centroid y (mm) Manually
Fully-automated
Semi-automated
2.0 3.0 3.6 3.9 5.3 3.5 0.6 3.5
2.0 3.0 3.6 4.0 5.3 3.5 0.6 3.5
2.0 3.0 3.6 4.0 5.3 3.5 0.6 3.5In stented segments Bland–Altman analysis showed that both fully-
automated and semi-automated segmentation had a high agreement
with the manual approach (mean differences b 0.9 mm or mm2 with
narrow limits of agreement, Table 4).
3.3. Validation of semi-automated OCT segmentation
Similarly to the fully-automated segmentation, the semi-automated
method of contour detection was compared with manual segmentation.
Linear regression analysis showed a signiﬁcant association between the
twomethods thatwas stronger than that of the fully-automated vs.man-
ual segmentation (Fig. 5A). The correlation coefﬁcient was N0.95 for all
the parameters. Similarly, Bland–Altman analysis revealed a higher de-
gree of agreement between semi-automated and manual segmentation
(Fig. 5B). Notably, the mean differences between these two methodsentation showing a high degree of agreement between semi-automated vs. manual seg-
d andmanual segmentation.Note that therewere no signiﬁcant differencesbetweenman-
er 95% CI
ean
Upper 95% CI
of mean
Manually vs.
fully-automated p
Manually vs.
semi-automated p
Fully-automated vs.
semi-automated p
6.0
6.2 0.327 0.884 0.607
6.1
1.6
1.7 b0.001 0.836 b0.001
1.6
1.1
1.1 0.957 0.137 0.072
1.2
2.9
3.1 b0.001 0.531 b0.001
3.0
2.4
2.5 0.097 0.107 0.999
2.5
8.6
9.4 b0.001 b0.001 b0.001
9.0
4.5
4.6 0.009 0.044 0.853
4.6
3.5
3.6 0.118 0.291 0.883
3.6
Fig. 4. Comparison of fully-automated segmentation vs. manual segmentation. A. Linear regression plots, B. Bland–Altman plots of differences between manual and fully-automated seg-
mentation (y-axis) against their mean (x-axis). The dotted line represents the mean difference and the dashed lines represent the limits of agreement (mean ± 1.96SD), C. Frame-by-
frameplots. For each parameter all themanually (blue dots) and fully-automatically (red dots) segmentedOCT frameswere plotted. The x-axis depicts theOCT frame number in ascending
order, whereas the y-axis shows the corresponding morphometric variable. Note that the OCT images in x-axis are distributed independently of patient, type of artery and location.
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Fig. 4 (continued).
573Y.S. Chatzizisis et al. / International Journal of Cardiology 172 (2014) 568–580were even smaller (from−0.5 to 0.0 mm or mm2 for all variables) than
with the fully-automated approach. This higher agreementwas also dem-
onstrated by the frame-by-frame plots (Fig. 5C), as well as by the relative
error (limits for all parameters from−2.4 to +0.3%), which was compa-
rable with the inter-observer relative error of manual segmentation.Fig. 6A-C provides representative examples in which fully-
automated segmentation performedwell, whereas Fig. 6D-F shows rep-
resentative cases inwhich fully-automated lumen detectionwas subop-
timal due to image artifacts. In these cases manual corrections had to be
applied.
Fig. 4 (continued).
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Table 5 displays the time gain of fully-automated and semi-
automated OCT segmentation versus manual segmentation. Over-
all, manual segmentation required approximately 30 s of process-
ing time per image, whereas fully-automated segmentation was
done in less than 1 s per image and semi-automated segmentation
in less than 5.1 s per image. As a result, the fully-automated OCT
segmentation resulted in a time gain of more than 97%. With the
semi-automated segmentation there was more than 83% time gain com-
paredwith themanual approach. Of note, semi-automated segmentation
improved the segmentation accuracy over the fully-automated methodand at the same time it signiﬁcantly decreased the analysis time over
manual segmentation.
4. Discussion
In this work we presented a framework for automatically detecting
the lumen contours in intracoronary OCT image sequences. We vali-
dated our algorithm in a large dataset of more than 1800 OCT images
(including 308 images from stented segments) derived from 20 pa-
tients. Our major aim was to test our algorithms in images encoun-
tered in real-life conditions, with branches of different caliber,
presence of blood, thrombus, stent struts, OCT wire artifacts and
Table 4
Comparison of fully-automated and semi-automated vs. manual segmentation in stented
segments (n = 308 images).
Fully-automated
vs. manually
Semi-automated
vs. manually
Area (mm2) Bias 0.2 0.1
Upper limit 1.5 1.2
Lower limit −1.1 −1.0
Perimeter (mm) Bias 0.8 0.5
Upper limit 3.0 1.9
Lower limit −1.4 −0.8
Max radius (mm) Bias 0.1 0.0
Upper limit 1.4 0.4
Lower limit −1.2 −0.3
Min radius (mm) Bias 0.0 0.0
Upper limit 0.3 0.2
Lower limit −0.3 −0.2
Max Diameter (mm) Bias 0.1 0.0
Upper limit 0.9 0.6
Lower limit −0.7 −0.5
Min Diameter (mm) Bias 0.0 0.0
Upper limit 0.3 0.3
Lower limit −0.2 −0.2
Centroid x (mm) Bias 0.9 0.1
Upper limit 0.4 0.3
Lower limit −0.2 −0.1
Centroid y (mm) Bias 0.0 0.0
Upper limit 0.2 0.2
Lower limit −0.2 −0.1
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14%) with the abovementioned artifacts we had to perform manual
corrections of the automated segmentation without substantially
compromising the analysis time. The study showed that our fully-
automated algorithm, as well as its semi-automated variation, per-
forms very well enabling rapid and accurate segmentation of OCT im-
ages. Notably, our segmentation algorithm was effective and accurate
even in stented areas.
4.1. Performance of our algorithm in the context of the existing literature
Limited research efforts have been focused on the development
of an accurate and fast algorithm for automated segmentation of
OCT images. A semi-automated method involving edge detection
and smoothing was introduced showing satisfactory inter-
observer agreement [12]. A fully-automated OCT lumen contour de-
tection method was also reported showing good quantitative re-
sults and satisfactory tracings in 97% of the cases [13]. Automated
OCT segmentation techniques were also used to evaluate endotheli-
alization and neointima formation following stent placement
[8,14,15]. Those algorithms either employed edge detection with
ad hoc thresholding or combined models with active or spline de-
formable intensity-based contours. However, it is still unclear how
these methods can handle the bright concentric rings, which com-
promise the active contour model performance. More recently,
two further automated OCT segmentation algorithms were devel-
oped and validated against manual segmentation in clinical OCT
datasets, yielding satisfactory results [16,17]. On top of that, it was
shown that the automated OCT segmentation is reproducible across
different studies and shows good agreement with IVUS [18]. Simi-
larly to the aforementioned studies our segmentation algorithm
showed high accuracy in identifying the lumen-wall borders. Re-
cently a novel OCT platform (ILUMIEN OPTIS PCI Optimization Sys-
tem, St. Jude Medical) was introduced capable of performing
automated OCT segmentation. Direct comparison of our algorithm
with this platform's algorithm was beyond the scope of the current
study. In contrast to most of the previous studies, the validationdataset that was used in this study was quite extensive and repre-
sentative of real world images. In addition, we utilized a global
spectrum of validation metrics accounting for the vessel size (i.e.
areas, radii and diameters) and shape (i.e. perimeter, centroid),
thereby increasing the validity of our ﬁndings.
4.2. Fully-automated vs. semi-automated segmentation of OCT images
Developing a fully-automated image segmentation algorithm is
challenging as medical images incorporate several motion- and image
acquisition-related artifacts. In this study our fully-automated
algorithm showed a good performance in 86% of images. In a subset
of images (14%) with stents or side branches the fully-automated
algorithm did not perform optimally, resulting in a signiﬁcantly in-
creased relative error compared to manual segmentation (Fig. 6).
To address the suboptimal segmentation of the fully-automated ap-
proach we applied manual modiﬁcations of the non-correctly seg-
mented images (semi-automated approach). The agreement
between that semi-automated segmentation and manual segmenta-
tion was comparable to the inter-observer agreement of the manual
segmentation by two OCT experts, suggesting that the semi-
automated algorithm may replace manual segmentation, restricting
the human effort for inspection and limited manual adjustments.
Of note, the analysis time with the semi-automated technique was
not substantially prolonged compared to the fully-automated seg-
mentation. Collectively, the semi-automated segmentation was a
limited modiﬁcation of the fully-automated approach which in
real-life cannot be 100% accurate.
4.3. Study limitations
There are several limitations within the current study. First, we had
to exclude 130 images from the initial dataset due to poor image quality
mostly related to the presence of blood or clot. By consensus those im-
ageswere non-interpretable andmanual segmentationwas not feasible
(Supplemental Fig. 1). Second, small image artifacts, such as motion-
induced artifacts, presence of small amount of blood or thrombus and
side branches did not allow us to perform optimal fully-automated seg-
mentation in 241 (14%) images. In contrast to the 130 excluded poor
quality images, manual segmentation was feasible in those 241 images
with artifacts. Other studies also showed that 3–15% of the automatical-
ly segmented images require manual adjustment [13,18]. This set of
manually corrected images could set the basis for further algorithm im-
provement. Third, we did not segment the entire OCT pullback from
each patient but we selected one every two or three images per patient.
Automated segmentation of OCT images will be incorporated in a future
complete tool performing OCT-based 3D reconstruction of the coronary
arteries. In this tool periodic selection of OCT images is anticipated to ac-
count for electrocardiographic gating.
4.4. Clinical perspectives and future work
Our algorithm could facilitate OCT segmentation for clinical and re-
search purposes. In the clinical arena, there is an increasing demand
for longitudinal clinical studies to assess the natural history of athero-
sclerosis, as well as the impact of therapeutic interventions [1,3,19].
OCT imaging can play a key role in such studies highlighting the need
for developing automated segmentation algorithms that can rapidly
and effectively perform lumen morphometric analysis. Furthermore,
OCT has been pivotal in assessing stent strut apposition and endotheli-
alization [5,7,8]. Automated segmentation algorithms like the one we
present in the current study are anticipated to facilitate quantitative
analysis in longitudinal studies investigating stent restenosis and
thrombosis.
Studies have underscored the role of endothelial shear stress in
coronary artery atherosclerosis. Endothelial shear stress calculation in
Fig. 5.Comparison of semi-automated segmentation vs.manual segmentation. A. Linear regression plots, B. Bland–Altman plots of differences betweenmanual and semi-automated segmen-
tation (y-axis) against theirmean (x-axis). Thedotted line represents themean difference and the dashed lines represent the limits of agreement (mean± 1.96SD), C. Frame-by-frame plots.
For each parameter all themanually (blue dots) and semi-automatically (red dots) segmentedOCT frameswere plotted. Thex-axis depicts the OCT frame number in ascending order, where-
as the y-axis shows the corresponding variable. Note that the OCT images in x-axis are distributed independently of patient, type of artery and location.
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constructed coronary arteries [20–22]. To date, 3D reconstruction was
based in IVUS and coronary CT angiography [23]. OCT could be alsoutilized in the 3D reconstruction algorithms enabling simultaneous as-
sessment of functional (i.e. endothelial shear stress) and pathobiologic
(i.e. inﬂammation, lipid pool) plaque features [9] [24,25]. The proposed
Fig. 5 (continued).
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OCT-based geometrically-correct 3D reconstruction of coronary
arteries.
Our future work involves the: (i) reﬁnement of our algorithm to
increase its robustness in regions with image artifacts, (ii) develop-
ment of a user-friendly graphical user interface that will allow rou-
tine OCT analyses with the option of manual correction as needed
and export of the quantitative results, and (iii) incorporation of the
automated segmentation algorithm into a complete 3D coronaryartery reconstruction suite which will allow computational ﬂuid
dynamic studies [21].
5. Conclusions
In the current work we presented a fully-automated algorithm,
as well as a semi-automated variation of it, that enabled rapid and
reliable segmentation of intracoronary OCT images. Our algorithm
was extensively validated in a “real-life” dataset of OCT images
Fig. 5 (continued).
578 Y.S. Chatzizisis et al. / International Journal of Cardiology 172 (2014) 568–580demonstrating that it is feasible and accurate requiring limited
manual interventions. This algorithm has the potential to evolve
to a useful clinical and research tool facilitating plaque quantitative
and local hemodynamic analyses in OCT studies.Table 5
Time gain of fully-automated and semi-automated segmentation vs. manual.
Manually Fully-automated segmentation Time gain vs. manually
Time (s/image) 30 b1 N97%Funding sources
European Commission, Marie Curie International Reintegration Grant,
Project: SMILE (number: 249303); General Secretariat of Research andp Semi-automated segmentation Time gain vs. manually p
b0.001 b5.1 N83% b0.001
Fig. 6. Representative examples of fully-automated (red lines) vs. manual segmentations (green lines): A–C. Correct fully-automated segmentations. The algorithm performedwell in im-
ageswithwire artifacts (A, B), branches (B) and stent struts (C), D–F. Suboptimal fully-automated segmentation in regions with stent struts (D), small branches (E) and large branches (F)
requiring manual corrections.
579Y.S. Chatzizisis et al. / International Journal of Cardiology 172 (2014) 568–580Technology, Program: Heracleitus II, Athens, Greece; Behrakis
Foundation, Boston, USA.
Appendix A. Supplementary data
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.ijcard.2014.01.071.
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